Introduction {#s1}
============

Only a small fraction of the events that are experienced during wakefulness are stamped into long-term memory. Understanding how memories are formed, and which memories are ultimately retained or forgotten, is a pivotal focus of neuroscience research. The process through which memories are stabilized and integrated for long-term storage, termed memory consolidation, is robustly enhanced during sleep ([@bib8]; [@bib11]). Although the neural mechanisms underlying sleep-based consolidation are far from clear, research increasingly implicates memory replay, whereby the same neural activity that occurs during memory encoding comes back online spontaneously during sleep to facilitate integration of the replayed memory into distributed cortical networks for long-term storage. Direct cellular-level evidence for replay comes from rodent studies ([@bib43]; [@bib49]), while in humans, an indirect measure often termed 'reactivation' has also been demonstrated using fMRI, surface EEG, and intracranial EEG techniques ([@bib3]; [@bib9]; [@bib31]; [@bib38]; [@bib50]).

Intriguingly, it has been shown that external sensory cues, such as odors or sounds, can be presented during sleep to manipulate what information is preserved. After a sensory cue is presented during memory encoding in the wake state, re-presentation of that cue during sleep favors subsequent retrieval for the associated material ([@bib30]; [@bib33]; [@bib37]; [@bib39]; [@bib40]; [@bib44]). It follows that cue-evoked reactivation of content-specific information during sleep might promote these memory gains, but direct evidence for such mechanisms is highly limited ([@bib39]). Groundbreaking work in rodents showed that auditory cues induce within-sleep replay of spatial sequences in hippocampal place cells, although these effects were not accompanied by an index of learning ([@bib2]). Recent human studies have tested the idea that patterns of EEG activity in sleep can be used to decode different forms of auditory-cued memories, including procedural sequence learning ([@bib1]) and place versus object information ([@bib6]), with the latter study demonstrating a correlation with post-sleep memory performance. However, because the spatial resolution of surface EEG measures is poorly suited for pinpointing the involvement of specific brain regions and networks, there remains a critical gap in understanding how cued reactivation of specific memory content is induced in the sleeping brain, and whether content-specific reactivation holds relevance for behavior.

To address this important gap, we designed a novel olfactory fMRI paradigm optimized to investigate the functional links between odor-evoked memory reactivation and declarative memory consolidation. Here, subjects completed an object-location memory task, in which objects belonged to four different categories (animals, buildings, faces, tools) ([Figure 1](#fig1){ref-type="fig"}). In turn, each object category was associated with a different odor cue (e.g. banana, cedar, cinnamon, garlic). Critically, the use of an MRI-compatible EEG system enabled us to deliver these odor cues selectively during slow-wave sleep (SWS), such that odor-evoked patterns of fMRI activity in the sleeping brain could be compared to canonical category representations from a preceding wake scan. In this manner, we were able to identify brain regions where fMRI signatures of within-sleep reactivation would have a direct impact on the strength of memory recall, as a function of reactivation strength within subjects. Specifically, we predicted that we would observe this relationship in task-relevant sensory brain areas ([@bib22]; [@bib36]), and in memory retrieval networks in the hippocampus ([@bib2]; [@bib31]; [@bib33]) and prefrontal cortex (PFC) ([@bib5]; [@bib14]; [@bib23]; [@bib32]; [@bib47]).

![Olfactory cueing paradigm.\
(**a**) Experimental timeline. MRI scanner symbols indicate scanned study phases, and nose symbols indicate study phases during which odors were presented. (**b**) Initial learning task. Subjects learned spatial locations of objects from four categories (animals, buildings, faces, tools; 32 objects per category) during blocked-design fMRI scanning. Category-sensitive voxels were then identified for each subject by comparing visually evoked fMRI ensemble patterns of activity across runs, and calculating within-category versus between-category pattern correlations. This multivoxel pattern analysis was implemented using a whole-brain searchlight approach. (**c**) Category-sensitive brain regions included visual processing areas, and parts of parietal cortex and ventromedial prefrontal cortex. fMRI activity is displayed at p \< 0.001 uncorrected, and images are overlaid on a canonical single-subject T1-weighted MRI scan. Voxels from this analysis were retained as an image mask for the main analysis. (**d-e**) During initial learning, category templates (depicted as 4-x-4 greyscale grids of voxels) were defined for each subject. Next, subjects learned to associate each object category with a unique odor (e.g. mint odor + tool images). (**f**) Subjects were placed into the fMRI scanner, and during NREM sleep stages 2 and 3, two of the four odor cues were presented in 16 s on/16s off blocks during fMRI scanning (i.e. during cueing, blue box) to cue content from their associated object categories. In this example, presentation of the mint odor in sleep would induce reactivation, such that its fMRI ensemble pattern would more closely resemble the tool category ensemble pattern defined in the wake state during initial learning. (**g**) There was no significant effect of odor presentation on power spectral density (µV^2^/Hz) between 0.5 and 20 Hz (repeated-measures ANOVA, condition by frequency interaction: *F*~(39,17)~ = 0.31, p = 1.00). Error bars depict mean ±SEM across subjects.\
10.7554/eLife.39681.007Figure 1---source data 1.Relates to panel (g).](elife-39681-fig1){#fig1}

Results {#s2}
=======

Thirty-two healthy human subjects (21 female; *mean age* = 25.25 years; *age range* = 19--37 years) participated in the study. Fourteen subjects were excluded because they did not receive the minimum number of odor cues during sleep (see Materials and methods), and consequently 18 of the 32 subjects were included in the analysis. The main experiment took approximately 6.5 hr to complete and consisted of several different task blocks ([Figure 1a](#fig1){ref-type="fig"}), as briefly outlined here. Human subjects first performed a visuospatial memory task, in which they learned the locations of objects from four categories during fMRI scanning. The purpose of this initial learning phase was to define fMRI ensemble representations (effectively, pattern templates) of each object category. Next, subjects learned to associate each of the four object categories with one of four distinct odors. Then, subjects were fitted with EEG caps and took a nap during fMRI scanning, during which time two of the odors were re-presented in sleep to selectively cue object representations from the associated categories. Memory for object locations was tested both before and after the sleep phase. Finally, the extent to which category-specific patterns of fMRI activity re-emerged in response to odors during within-sleep cueing (i.e. memory reactivation) was correlated with visuospatial memory performance on a subject-by-subject basis. To enhance the likelihood of observing sleep during fMRI scanning, the experiment took place at night so that the sleep phase was aligned approximately with each subject's habitual bedtime.

Category-specific objects induce widespread discriminable patterns of fMRI activity during visuospatial learning {#s2-1}
----------------------------------------------------------------------------------------------------------------

In an initial learning phase, subjects performed a visuospatial memory task, in which they learned the locations of objects from four categories: animals, buildings, faces, and tools. There were 32 objects per category, and object images were presented on a 4-x-4 spatial grid during fMRI scanning ([Figure 1b](#fig1){ref-type="fig"}). Subjects were instructed to memorize the location associated with each object, each of which appeared three times over the course of the scan. In line with previous studies demonstrating that visual category perception elicits unique ensemble patterns of fMRI activity ([@bib21]; [@bib28]), a multivoxel pattern-based fMRI searchlight analysis revealed category specificity in widely distributed brain regions, including much of the visual pathway, and substantial parts of parietal and prefrontal cortices ([Figure 1c](#fig1){ref-type="fig"}; [Figure 1---figure supplement 1](#fig1s1){ref-type="fig"}). fMRI data collected from the initial learning phase were then used to define multivoxel representations of stimuli belonging to each object category ([Figure 1d](#fig1){ref-type="fig"}), for use as reference templates to identify content-specific fMRI activity that might emerge in subsequent sleep. Importantly, these pattern templates were defined prior to the introduction of odor cues, to ensure that fMRI templates exclusively reflected visual category information.

Odor cues bias memory consolidation toward their associated object categories {#s2-2}
-----------------------------------------------------------------------------

After completing the initial learning phase, subjects were moved from the scanner to a testing room, where they learned to associate four easily-distinguishable odors with each of the four object categories to criteria ([Figure 1e](#fig1){ref-type="fig"}). Based on individual ratings, each subject received a unique combination of four odors that were maximally discriminable (see Materials and methods), from a set of eight familiar odors (banana, cedar, cinnamon, garlic, lemon, mint, rose, vanilla). Following odor-category learning, subjects completed another learning session to reinforce odor-category associations and to learn object locations to criteria, and were then fitted with an MRI-compatible EEG electrode cap. In a subsequent memory pretest session, subjects were asked to recall object locations (without feedback). This test took place immediately before the fMRI sleep session, providing a memory baseline for comparison to post-sleep memory performance. Recall accuracy at pretest was robust ([Figure 2a](#fig2){ref-type="fig"}, first column), without significant differences between those categories that were later cued during sleep and those that were not (*t*~(17)~ = 0.62, p = 0.54; [Figure 2---figure supplement 1](#fig2s1){ref-type="fig"}).

![Behavioral results.\
(**a**) Subjects demonstrated robust visuospatial recall (chance = 6.25%; dashed line) at pretest (73.17% correct ±2.71% SEM, *t~(~*~17)~ = 24.68, p *\< *0.001), interference test (41.11% correct ±4.02% SEM, *t*~(17)~ = 8.66, p *\< *0.001), posttest (56.70% correct ±2.92% SEM*, t*~(17)~ = 17.27, p *\< *0.001), and 1 week follow-up (38.24% correct ±2.92% SEM*, t*~(17)~ = 10.96, p *\< *0.001). Performance declined significantly from pretest to posttest (*t*~(17)~ = 10.06, p *\< *0.001). (**b**) During interference testing, subject RTs were significantly slower for objects belonging to categories that were cued in the preceding sleep period, versus non-cued categories. This suggests that memory for object categories that were cued during SWS was more resistant to interference. \*p \< 0.05, two-tailed *t*-test. (**c**) At posttest, recall accuracy (percentage of items recalled at posttest, compared to pretest baseline) was enhanced for cued object locations, compared to non-cued object locations (*Z* = 1.70, p = 0.04). \*p \< 0.05, one-tailed Wilcoxon signed-rank test. Error bars in (**a**) depict mean ±SEM, and error bars in (**b--c**) depict mean ±within subjects SEM.\
10.7554/eLife.39681.011Figure 2---source data 1.Relates to panel (a).\
10.7554/eLife.39681.012Figure 2---source data 2.Relates to panel (b).\
10.7554/eLife.39681.013Figure 2---source data 3.Relates to panel (c).](elife-39681-fig2){#fig2}

Subjects then returned to the scanner, where they were instructed to try to relax and fall asleep during approximately 75 min of fMRI scanning. During sleep stage 2 and SWS, two of the four odors were presented (16 s on/16 s off) via a Teflon tube secured beneath the nose, to cue two of the four object categories ([Figure 1f](#fig1){ref-type="fig"}; [Figure 1---figure supplement 2](#fig1s2){ref-type="fig"}). Selection of the odor cues in sleep was arranged to ensure that the specific categories designated for reinforcement were counterbalanced across subjects. Eighteen subjects reached criteria, in that during sleep they received a minimum of 14 presentations of each odor cue, and during debriefing they did not recall having smelled any odors during the scanning session. On average, these 18 subjects slept for 65.36 min, of which 26.50 min were spent in sleep stage 2, and 30.17 min were spent in SWS ([Table 1](#table1){ref-type="table"}). Analysis of the within-sleep EEG data did not reveal significant spectral differences between odor-on and odor-off periods (repeated-measures ANOVA, time by cue interaction: *F*~(39,17)~ = 0.31, p = 1.00; [Figure 1g](#fig1){ref-type="fig"}), suggesting that odor delivery was not associated with physiological arousal.

Upon waking, but prior to the final post-sleep memory test, subjects were removed from the scanner and taken to a behavioral testing room, where they underwent a memory interference task to learn new grid locations for the same set of objects. This maneuver has been shown to provide added sensitivity to identifying effects of sleep on memory performance ([@bib13]). Five minutes after completing the interference encoding task, subjects were asked to try to place the objects in their new locations. As predicted, overall recall accuracy on the interference task was lower compared to pre-sleep recall accuracy ([Figure 2a](#fig2){ref-type="fig"}, second column). Recall accuracy did not differ for cued compared to non-cued objects (*t*~(17)~ = 0.04, p = 0.97). However, odor cues significantly influenced recall speed for the new object locations, whereby response times (RTs) for placing objects on the grid were slower for cued versus non-cued objects (*t*~(17)~ = 2.76, p = 0.01; [Figure 2b](#fig2){ref-type="fig"}), probably reflecting increased competition between the new object locations and the original object locations that were reinforced by odor cues during sleep. This finding provides a first indication that odor cues presented in sleep had an impact on memory storage.

Finally, after a 30-min break, subjects were asked to recall the original object locations during a posttest session, for direct comparison to pretest performance. Posttest recall ([Figure 2a](#fig2){ref-type="fig"}, third column) was predictably lower than pretest recall (*t*~(17)~ = 10.06, p *\< *0.001). Critically, subjects demonstrated less forgetting for cued object locations from pretest to posttest, when compared to non-cued object locations (*Z* = 1.70, p = 0.04; Wilcoxon signed-rank test; [Figure 2c](#fig2){ref-type="fig"}), with selective memory gains for 15/18 subjects (p = 0.003; Binomial test). These findings, as well as the RT data, confirm that delivery of odor cues during SWS selectively biased recall toward object categories previously paired with those odors in the wake state. Of note, although memory performance was significantly above chance during a follow-up memory test 1 week after the main experiment ([Figure 2a](#fig2){ref-type="fig"}, fourth column), effects of odor cueing on memory performance were no longer evident (recall accuracy: *t*~(17)~ = 0.17, p = 0.43; RT: *t*~(17)~ = 0.46, p = 0.65).

An index of odor-evoked category reactivation in the sleeping brain predicts post-sleep memory performance {#s2-3}
----------------------------------------------------------------------------------------------------------

Having established the selective influence of odor cueing on recall performance, we next examined the mechanisms underlying this memory-enhancing effect. Our central hypothesis was that if odor cues induce within-sleep reactivation of associated category information in medial temporal and prefrontal brain areas known to participate in memory consolidation and retrieval ([@bib5]; [@bib14]; [@bib23]; [@bib32]; [@bib47]), then the degree of memory reactivation should predict subsequent memory performance in the wake state. To this end, we first correlated odor-evoked fMRI ensemble activity in sleep with each of the four category-specific fMRI template patterns from the initial learning phase of the task, and then compared the degree of pattern overlap between cued and non-cued category templates, yielding a measure of cue-specific reactivation strength for each subject ([Figure 1d,f](#fig1){ref-type="fig"}). By regressing this within-sleep reactivation measure onto changes in memory performance from pretest to posttest, we were able to determine whether memory recall varied with reactivation strength across subjects. Note, this analysis was restricted to regions that demonstrated category specificity during prior learning. In this way, we found that greater category reactivation in ventromedial PFC (vmPFC) was associated with increased recall accuracy at posttest for cued over non-cued objects (\[−6, 46,--12\], *t*~(16)~ = 7.53, *p*~FWE~ = 0.01, [Figure 3a](#fig3){ref-type="fig"}). These effects were robust across both odor cues, as within-sleep reactivation strength in vmPFC was significantly correlated with post-sleep recall when each cue was considered independently (*r*~1(16) ~= 0.53, *p*~1~ = 0.01; *r*~2(16) ~= 0.48, *p*~2~ = 0.02; [Figure 3b](#fig3){ref-type="fig"}). In a time-resolved analysis of stimulus-evoked activity during the sleep period, correlations between odor-evoked reactivation in vmPFC and recall accuracy increased at odor onset and persisted over several seconds, with a maximal effect size (*r* value) of 0.70 (90% confidence interval = 0.42 to 0.86), returning to baseline prior to odor offset ([Figure 3c](#fig3){ref-type="fig"}). Together these findings in vmPFC highlight the categorical and temporal specificity of odor-cued reactivation on memory retrieval (see [Figure 4](#fig4){ref-type="fig"} for additional analysis).

![Relationship between odor-evoked memory reactivation in sleep and posttest memory retention.\
(**a,d**) During SWS, the extent to which odors evoked category-specific memory reactivation in vmPFC (**a**) and posterior fusiform cortex (**d**) was significantly correlated with behavioral enhancement of cued visuospatial memory retrieval at posttest. fMRI activity is shown at p \< 0.001 uncorrected, and images are overlaid on a canonical single-subject T1-weighted MRI scan. (**b,e**) Correlations between fMRI memory reactivation of an individual object category and recall accuracy for that category at posttest, for the two reactivated object categories taken separately in vmPFC (**b**) and posterior fusiform cortex (**e**). Blue and red dots represent individual object categories, where category assignment is arbitrary. (**c,f**) Illustration of correlation depicted in (**a,d**) across time points in vmPFC (**c**) and posterior fusiform cortex (**f**). Time 0 is aligned to odor onset. Error bars depict 90% confidence intervals.\
10.7554/eLife.39681.019Figure 3---source data 1.Relates to panel (b).\
10.7554/eLife.39681.020Figure 3---source data 2.Relates to panel (c).\
10.7554/eLife.39681.021Figure 3---source data 3.Relates to panel (e).\
10.7554/eLife.39681.022Figure 3---source data 4.Relates to panel (f).](elife-39681-fig3){#fig3}

![Relationship between odor-evoked memory reactivation and cued memory benefit, restricted to cued categories only.\
(**a-b**) When limiting the analysis of memory reactivation to a comparison of the two cued object categories (without including the two non-cued object category templates from initial learning for comparison), reactivation measures remained significantly correlated with behavioral memory enhancement in a cluster of interest in vmPFC (a; *r*~(16)~ = 0.61, p = 0.01) and posterior fusiform cortex (b; *r*~(16)~ = 0.72, p \< 0.001).\
10.7554/eLife.39681.024Figure 4---source data 1.Relates to panel (a).\
10.7554/eLife.39681.025Figure 4---source data 2.Relates to panel (b).](elife-39681-fig4){#fig4}

Because our paradigm fundamentally involves a visuospatial task, we also reasoned that within-sleep reactivation of cued content might manifest in visual associative brain regions ([@bib22]; [@bib36]). Across subjects, recall accuracy for cued versus non-cued object categories scaled with the degree of odor-evoked category reactivation in posterior fusiform cortex (\[−24,--70, 0\], *t*~(16)~ = 6.73, *p*~FWE~ = 0.04; [Figure 3d](#fig3){ref-type="fig"}). When considering each cued category separately, the correlation between reactivation in fusiform cortex and posttest memory performance was evident, but only for one of the odor cues (*r*~1(16) ~= 0.43, *p*~1~ = 0.04; *r*~2(16) ~= 0.22, *p*~2~ = 0.19) ([Figure 3e](#fig3){ref-type="fig"}). Similar to the time-course profile in vmPFC, within-sleep reactivation in fusiform cortex also emerged following odor onset, but appeared more sustained throughout the duration of odor presentation ([Figure 3f](#fig3){ref-type="fig"}). Parallel analyses in the hippocampus, which has been previously implicated in memory cueing studies ([@bib2]; [@bib12]; [@bib33]; [@bib48]), did not reveal any association between within-sleep measures of reactivation and subsequent memory performance ([Figure 3---figure supplement 1](#fig3s1){ref-type="fig"}).

Main effect of odors on reactivation of associated category information during sleep {#s2-4}
------------------------------------------------------------------------------------

The above analyses were predicated on the idea that among the brain areas that might be reactivated during sleep in response to odor cueing, only those areas that had a systematic effect on post-sleep memory performance would have behavioral relevance. Nonetheless, we also examined whether odor cues evoked reactivation of the associated category per se, without considering memory performance as a covariate. This analysis revealed odor-evoked reactivation of cued category templates in lateral occipital complex (\[−56,--62, 4\], *t*~(16)~ = 3.99, *p*~unc~ = 0.001) ([Figure 5a](#fig5){ref-type="fig"}) and inferior frontal gyrus (\[−50, 30, 8\], *t*~(16)~ = 3.91, *p*~unc~ = 0.001), although neither of these clusters survived correction for multiple comparisons. Moreover, the degree of memory reactivation in these regions was not correlated with recall accuracy for cued versus noncued objects upon waking in lateral occipital complex (*r*~(16)~ = −0.33, p = 0.19; [Figure 5b](#fig5){ref-type="fig"}) or inferior frontal gyrus (*r*~(16)~ = 0.25, p = 0.32). We also conducted an exploratory analysis to test whether within-sleep reactivation manifests in different brain areas depending on which object category is being cued. By considering each object category separately (rather than collapsing across all four categories), we found that, at a threshold of p \< 0.001 uncorrected, odor cues promoted reactivation of associated multivoxel patterns in different brain areas ([Figure 5---figure supplement 1](#fig5s1){ref-type="fig"}). However, it is important to note that our experiment was not designed to test individual category effects, because any given category was only cued for 50% of subjects (n = 9). As such, this analysis was underpowered, and therefore these findings should be considered as tentative.

![Main effect of odor cueing on category reactivation.\
(**a**) Odor cues evoked reactivation of associated category templates in lateral occipital complex (\[−56,--62, 4\], *t*~(16)~ = 3.99, *p*~unc~ = 0.001), although this effect did not survive statistical correction for multiple comparisons. (**b**) The degree of reactivation in this cluster was not predictive of memory enhancement for cued versus noncued categories upon waking (*r*~(16)~ = −0.33, p = 0.19). fMRI activity is shown at p \< 0.001 uncorrected (red) and p \< .005 uncorrected (yellow), and images are overlaid on a canonical single-subject T1-weighted MRI scan.\
10.7554/eLife.39681.028Figure 5---source data 1.Relates to panel (b).](elife-39681-fig5){#fig5}

Within-sleep odor cues activate limbic brain regions {#s2-5}
----------------------------------------------------

The finding that an index of odor-cued reactivation in vmPFC and fusiform cortex during sleep predicts memory recall necessarily implies that the olfactory system must communicate with extra-olfactory structures to consolidate visuospatial representations. To define potential pathways by which odors can induce cortical reactivation in sleep, we implemented a univariate analysis to characterize which brain areas were activated in the presence of the odor cues, irrespective of their effects on memory performance. We identified an olfactory-related cluster in the left amygdala, extending into left hippocampus (\[−28, 0,--24\], *t*~(17)~ = 4.18, *p*~SVC~ = 0.03), which could plausibly serve as a conduit to cortical structures. Interestingly, this brain area overlaps closely with previous findings showing odor-cued reactivation of left anterior hippocampus during SWS ([@bib33]; [@bib12]). A cluster in right amygdala was also observed in an almost symmetrical location to the left amygdala cluster, but did not survive correction for multiple comparisons (\[26, 0, -24\], *t*~(17)~ = 3.47, *p*~unc~ = 0.001).

It is worth pointing out that the identification of olfactory-related regions in sleep could arise because the odor cues were driving downstream activity in the olfactory system, or because they were reactivating previously associated memory content. Ideally, delivery of a control odor that had never been associated with category information would help resolve these two different possibilities. In our study, we opted not to deliver a control odor, to maximize the number of odor trials available for pattern analysis. Therefore, subjects did not receive any odors that were not associated with prior learning during scanning. As such, it was not possible to disentangle contributions of the odor per se, and those related to associated memories. Rather, odor-cued activity in this analysis likely reflects an amalgam of olfactory and reactivation-related influences.

Odor cues promote connectivity between limbic brain areas and vmPFC during sleep {#s2-6}
--------------------------------------------------------------------------------

To assess whether the amygdala-hippocampal cluster might be preferentially coupled with vmPFC or fusiform cortex in the presence of sleep-based odor cues, we used psychophysiological interaction (PPI) analyses to test the functional connectivity between the amygdala-hippocampal cluster and the downstream cortical areas. Significant coupling was observed during odor presentation between this olfactory-related region and vmPFC (*t*~(17)~ = 1.95, p = 0.03) but was not found between the same region and fusiform cortex (*t*~(17)~ = 0.85, p = 0.20). The implication is that cued memory reactivation in the sleeping brain begins with odor-evoked activity in medial temporal brain structures, which may mediate the instantiation of visual categorical content in vmPFC. Our data indicate that an olfactory-prefrontal network may be an important substrate underlying odor-evoked category reactivation.

Discussion {#s3}
==========

Here, we used EEG-fMRI recordings combined with multivoxel pattern analysis to investigate the neural mechanisms underlying memory outcomes in a novel olfactory cueing paradigm. First, we demonstrated an olfactory cueing effect, namely, that within-sleep odor cues boost memory performance selectively for associated object categories. Critically, we observed that these behavioral effects are robustly correlated with the degree to which odors promote category-specific reactivation in vmPFC and posterior fusiform cortex, and that these effects hold even when considering both cued object categories separately. Finally, we found that during sleep, odors evoke neural activity in brain areas related to olfactory and limbic function, and that these areas are connected to vmPFC during odor presentation. Together, our findings highlight the functional significance of cue-evoked memory reactivation in promoting consolidation of declarative memories within sleep.

In auditory cueing studies, a multitude of sound cues are routinely presented in sleep to induce memories that are highly specific, and that are often semantically linked to the cue (e.g. cat picture paired with 'meow' sound cue) ([@bib16]; [@bib29]; [@bib37]). By contrast, prior olfactory cueing paradigms have largely employed a single arbitrary odor to cue an entire memory task ([@bib10]; [@bib12]; [@bib33]). Recent studies that utilized two distinct odors during learning and a single olfactory cue during sleep have established that olfactory stimuli can influence behavior with some specificity ([@bib20]; [@bib35]), but to our knowledge ours is the first olfactory study to cue multiple task components during sleep (i.e. two odor cues associated with different object categories). Odors offer unique benefits over sounds as memory cues. Namely, olfactory stimuli are less likely to provoke arousal from sleep ([@bib7]), particularly pure odorants lacking a trigeminal component ([@bib19]; [@bib46]). In addition, the lack of a requisite thalamic relay for odor stimuli and the relative proximity of olfactory and limbic structures in the brain may confer an anatomical advantage ([@bib18]). The demonstration that odor cues can promote memory gains more selectively should increase confidence in their utility for more complex memory cueing paradigms.

Perhaps more critically, we show that these selective memory benefits are strongly correlated with the degree to which odors drive reactivation of category information in vmPFC and fusiform cortex in the sleep period. Simultaneous recording of EEG and fMRI data during sleep is technically challenging, and for the vast majority of sensory cueing studies, the sleep period is not scanned. Thus, research exploring fMRI correlates of memory cueing is scant. Two previous EEG-fMRI sleep studies have demonstrated that olfactory cues evoke activity in left anterior hippocampus, at similar coordinates as we observed here ([@bib12]; [@bib33]). However, there was no non-cued condition for behavioral comparison in either study, preventing more nuanced conclusions regarding the relationship between brain activity and behavior. One additional study found that auditory cues elicit fMRI activity in parahippocampal cortex during sleep, but did not demonstrate a behavioral effect of cueing on memory performance, perhaps due to subjects' reduced ability to process sound cues in the noisy scanner environment ([@bib4]; [@bib48]). Although these studies bring important understanding to the dynamics of cueing memories during sleep, our study uniquely highlights its behavioral benefits, permitting us to relate memory performance to neural reactivation on a subject-by-subject basis. Moreover, by utilizing ensemble pattern-based analysis of fMRI data, we were able to probe the contents of within-sleep memory reactivation with greater specificity than would be possible with more conventional fMRI analyses that have been employed in previous studies. In addition, by measuring re-emergence of category-specific brain activity using fMRI, we could pinpoint brain regions participating in neural reactivation with a level of regional and network specificity that EEG approaches cannot provide.

It is worth considering what type of information is being reactivated during sleep. One possibility is that odor cueing leads to reactivation of higher-order representations of object categories that have been established through prior experience with animals, buildings, faces, and tools. An intriguing implication is that if odor cueing in sleep elicits reactivation at the categorical level, then the effects of odor cueing should enhance recall not only for the original group of objects, but also for any other objects in that same category, and possibly even for related semantic categorical content from any sensory modality. Alternatively, category-specific odors may evoke neural reactivation more specifically, by cueing a subset of objects belonging to that category. Our experimental design does not allow for us to disentangle these two possibilities, but future research should define memory templates during learning at both stimulus and category-specific levels prior to within-sleep cueing to address this question.

Outside of the context of sensory cueing, consolidation is thought to involve the gradual integration of declarative memory traces within the neocortex, guided by the hippocampus. It has been proposed that the PFC may play a key role in integrating memories across cortical modules ([@bib15]), and indeed frontal lobe damage has been shown to impair recollection ([@bib42]). Additionally, medial PFC (mPFC) has been increasingly implicated in remote memory retrieval ([@bib5]; [@bib14]; [@bib23]; [@bib32]; [@bib47]), especially when memory encoding is followed by a period of sleep ([@bib17]; [@bib45]). It has also been suggested that sleep-based integration of memories into neocortical networks is aided by the slow oscillations characteristic of SWS ([@bib34]). In line with this concept, mPFC is thought to be a predominant generator of slow wave activity (SWA) ([@bib27]), and cortical volume loss in mPFC has been linked to parallel deficits in SWA and sleep-dependent memory retention ([@bib25]; [@bib24]). Our findings that odors presented during SWS may drive reactivation of associated mnemonic content in vmPFC to support recall meshes well with this prior work, providing robust mechanistic support that cue-evoked cortical reactivation promotes within-sleep consolidation in the human brain.

Materials and methods {#s4}
=====================

Subjects {#s4-1}
--------

Thirty-two healthy human subjects (21 female; *mean age* = 25.25 years; *age range* = 19--37 years) gave written informed consent to take part in the study, which was approved by the Institutional Review Board at Northwestern University. All subjects were right-handed non-smokers under 40 years of age who had undergone fMRI scanning at least once prior to the study, and reported that they thought they could feel relaxed and fall asleep during fMRI scanning. Additional criteria for exclusion included history of significant medical or psychiatric illness, history of sleep disorder, use of psychotropic medications, nasal congestion, and frequent snoring. Subjects were required to go to bed at their habitual bedtime the night before the main experiment, and to wake up three hours earlier than their habitual wake time the following morning. Sleep-wake activity was monitored via actigraphy (Spectrum, Phillips) during the night prior to the main experiment, and subjects completed an online sleep diary (adapted from the National Heart, Lung, and Blood Institute) for 1 week prior to the main experiment. Subjects were also asked to refrain from napping, and from consuming caffeine or alcohol on the day of the main experiment.

Eleven subjects were excluded from analysis due to insufficient or fragmented SWS during the nap phase, which prevented the experimenters from presenting each of the two odor cues a minimum of 14 times. An additional three subjects were excluded due to arousal and subsequent odor perception during the nap phase. Eighteen subjects, equal to 56.25% of all subjects, were retained for analysis (11 female; *mean age* = 25.11 years; *age range* = 19-37), in line with prior studies reporting subjects' ability to fall asleep and stay asleep in the fMRI scanner environment ([@bib12]; [@bib48]).

Stimuli {#s4-2}
-------

Visual stimuli consisted of 128 high-resolution portable network graphic (PNG) images obtained from the internet. Images were cropped and displayed on a grey background with identifying labels. Images included 32 well-known exemplars from each of four categories: animals (e.g. camel, zebra), buildings (e.g. Eiffel Tower, Taj Mahal), faces (e.g. Barack Obama, Emma Watson), and tools (e.g. screws, wrench). To ensure that exemplars were familiar to subjects, an independent group of 12 subjects provided labels for each image of a larger stimulus set, and the most easily identifiable images were retained for use in the study. Thirty-two additional scrambled images were generated from a subset of category images, and accompanying labels consisted of arbitrary combinations of letters. Scrambled images were included as a localizer, to allow for identification of functionally defined voxels if needed.

Olfactory stimuli comprised four easily distinguishable, familiar odorants. To ensure that odor cues could be easily discriminated from each other, four odorants were selected from a larger set of eight well-known odorants (banana, cedar, cinnamon, garlic, lemon, mint, rose, vanilla) on an individual subject basis (see next section). Odorants were delivered by a custom 12-channel computer-controlled olfactometer at a flow rate of 6.72 L/min via a Teflon tube secured beneath the nose.

Odor selection {#s4-3}
--------------

The day before the main experiment, each subject took part in an odor selection task so that we could determine which four odors were most discriminable. Immediately prior to the task, subjects were familiarized with eight odors and their respective labels. Subjects then made pairwise similarity ratings between all possible pairs (28 unique pairs). Each odor pair was presented two times, for a total of 56 trials. During each trial, subjects were cued to sniff two consecutive odors presented 4.5 s apart and then to make a pairwise similarity rating on a visual analog scale from 'extremely different' to 'extremely similar'. A 'pairwise similarity score' was calculated for each odor pair by taking the average similarity rating across two trials. Based on pairwise similarity scores, four odors were selected to minimize perceptual overlap (i.e., minimal pairwise similarity scores for odor pairs included in the final set of four). Thus, a 'total similarity score' was computed for each possible combination of four odors (70 total combinations). For instance, for a set of four odors (A, B, C, and D), with all possible pairwise combinations among these odors, the total similarity score would be the sum of similarity ratings for A vs. B, A vs. C, A vs. D, B vs. C, B vs. D, and C vs. D. The set of four odors with the lowest total similarity score was retained for the main experiment.

Main experiment {#s4-4}
---------------

The main experiment lasted approximately 6.5 hr and took place at night, such that the nap phase aligned with each subject's usual bedtime, to increase the likelihood of subjects falling asleep during fMRI scanning. The main experiment began between 7 pm and 10:30 pm, and ended between 1:30 am and 5 am.

Odor ratings {#s4-5}
------------

Upon arriving at the MRI facility, subjects rated the four selected odors in terms of intensity (from 'barely detectable' to 'extremely strong') and valence (from 'extremely unpleasant' to 'extremely pleasant'). Odors selected as within-sleep cues versus those not selected did not differ in perceived intensity (*t*~(17)~ = 0.60, p = 0.56) or valence (*t*~(17)~ = 0.18, p = 0.86).

Initial learning {#s4-6}
----------------

Subjects were instructed to learn the locations of visual stimuli (category images and scrambled images) on a grey 4-x-4 grid while undergoing fMRI scanning. Each of the images appeared a total of three times over the course of the task, which was divided into 12 2.25 min runs. Each run consisted of five blocks (animals, buildings, faces, tools, scrambled) presented in a random order, with 12 s between blocks. Each block lasted 14 s, and consisted of a series of eight images presented on the grid for 1 s each, with 0.75 s between consecutive image presentations. Grid locations were balanced such that two objects per category were presented in each of the 16-grid spaces.

Odor-category association {#s4-7}
-------------------------

Subjects were then led from the scanner to a testing room, where they learned to associate each of the four odors with each of the four object categories (e.g. rose odor + building images). Odor-category pairs were randomly assigned for each subject. On each trial, subjects were cued to sniff upon odor presentation, and then immediately afterwards one object from each of the four categories appeared in the four different quadrants of the screen. Category objects were identical to those presented during initial learning. Subjects were instructed to select the object from the associated category as quickly and accurately as possible, and then a green box appeared around the correct choice for 2 s, as feedback. Trials were spaced at least 6 s apart, to avoid habituation and odor cross-contamination. The task continued until each odor-category pair (e.g. rose odor + building images) was correctly identified 16 times (number of trials for perfect performance = 64), to ensure robust odor-category associations. Subjects learned these associations rapidly (*mean* = 69.44, ±0.74 SEM, *range* = 66--78 trials to reach criterion).

Learning to criterion {#s4-8}
---------------------

Subjects then continued to learn the same object locations as in the initial learning phase, with two key differences: (1) objects appeared in the presence of category-specific odors, and (2) subjects were actively tested on their knowledge of object locations. During each trial, an object appeared in the center of the screen for 0.5 s, and then subjects attempted to select the grid space where the object belonged (16 grid spaces, chance = 6.25%). Then, the object appeared in the correct grid space for 0.5 s, as feedback. Objects were presented in category blocks of eight objects per category during continuous presentation of the associated odor. Blocked presentation of objects allowed for efficient delivery of associated odors, as blocks were spaced 12 s apart to avoid habituation and odor cross-contamination. The task continued until subjects placed each object in the correct grid space once (*mean* = 250.22, ±12.64 SEM, *range* = 178--367 trials to reach criterion). To ensure continued attention to both odor and object category stimuli and associations, subjects performed 16 'catch' trials (four per odor-category pair) over the course of the task. During catch trials, subjects selected the category that belonged with the presented odor, and then received feedback (identical to the odor-category association task above). Subjects retained a strong knowledge of odor-category associations during catch trials (*mean* = 94.79% correct, ±1.69% SEM).

EEG cap {#s4-9}
-------

Subjects were fitted with an MRI-compatible EEG cap (BrainCap MR, Brain Products; see sleep recording section for more details).

Pretest {#s4-10}
-------

While wearing the EEG cap and immediately prior to the nighttime nap, subjects were tested outside the fMRI scanner on their knowledge of object locations. During this phase, each object appeared in the center of the screen for 0.5 s, and subjects selected the grid space where they believed the object belonged, without receiving feedback. As in the previous phase, objects were presented in category blocks of eight objects per category during continuous presentation of the associated odor, and blocks were spaced 12 s apart. Again, subjects performed 16 catch trials (four per odor-category pair) over the course of this pretest session. Catch trials were identical to those of the previous task, except that subjects did not receive feedback. During catch trials, subjects continued to demonstrate excellent retention of odor-category associations (*mean* = 95.83%, ±1.13% SEM).

Sleep {#s4-11}
-----

Subjects were instructed to relax and try to fall asleep during continuous fMRI scanning. At the start of the scan, subjects were given the option to take part in a monotonous reaction time task for approximately 5 min, to help them re-acclimate to the scanning environment. Subjects were instructed to press an MRI-compatible button each time a central crosshair changed color, but to disengage from the task if they felt very drowsy. Subjects were further instructed to press the button during the nap if they perceived an odor. During stages 2 and 3, two of the four task-related odors were presented in alternating 16 s on/16 s off blocks (to prevent habituation), as category-specific cues (*mean* = 50.61, ±4.61 SEM, r*ange* = 30--105 total odor presentations). To decrease the chances of subjects waking during odor presentation, experimenters waited to observe a minimum of 2 min of continuous stage 2 sleep prior to initiating odor delivery. Odors were selected as within-sleep stimuli strategically, to ensure that cueing of categories was counterbalanced across subjects (six possible category pairs, each presented to three of the 18 subjects). After the nap, subjects exited the scanner and took a quick shower, to rinse EEG gel from their hair and to overcome sleep inertia. For the remainder of the main experiment, subjects were not exposed to odorants.

Interference learning and test {#s4-12}
------------------------------

Approximately 30 min after waking, subjects learned new grid locations for the same objects as presented in initial learning. Task structure was identical to that of initial learning, except that intervals between category blocks were limited to 4 s, since longer intervals were unnecessary in the absence of odors. Subjects were allowed a 5 min break after interference learning, and then they were tested on their knowledge of the new object locations (without feedback). The interference test was identical to the pretest, except that intervals between category blocks were limited to 4 s, and there were no odors or catch trials.

Posttest {#s4-13}
--------

After a 30-min break, subjects completed a posttest to assess their knowledge of the original (non-interference) object locations. Task structure was identical to that of the interference test.

One-week follow-up {#s4-14}
------------------

One week after the main experiment, subjects returned for a series of follow-up memory tests. Although the follow-up visit was scheduled in advanced, subjects were not given information regarding the nature of follow-up tasks. First, subjects completed a free recall test, in which they were given two minutes per category to list as many exemplars from that category as they could remember. Next, subjects were tested on their retention of the original object locations in a task that was identical to the posttest from the main experiment. There was no difference between cued and non-cued categories for free recall (*t*~(17)~ = 0.20, p = 0.42), change in spatial recall from pretest baseline (*t*~(17)~ = 0.17, p = 0.43), or RTs (*t*~(17)~ = 0.46, p = 0.65) during follow-up memory tests. Finally, subjects were verbally instructed to sniff each odorant, and to recount which category it was paired with during the main experiment. Seventeen of 18 subjects could correctly recall odor-category associations.

Sleep recording {#s4-15}
---------------

During the sleep session, EEG data were collected with an MRI-compatible EEG system (BrainAmp MR Plus, Brain Products) in order to restrict odor delivery to stages 2 and 3 of sleep. The 32-channel EEG cap contained 26 scalp electrodes and two electrooculography (EOG) electrodes, and wires to connect electrodes for chin electromyography (EMG) and electrocardiography (ECG). EEG data were sampled at 5 kHz, scanner and cardioballistic artifacts were removed online using Brain Products software (Rec View), and data were scored in accordance with standard criteria ([@bib41]) ([Table 1](#table1){ref-type="table"}). To compare power spectral density of EEG data across conditions (i.e., odor-on versus odor-off; stage 3 sleep versus stage 1 sleep), we employed a fast Fourier transform analysis of frontal electrode 'Fpz' using the 'pwelch' function in Matlab.

fMRI data acquisition {#s4-16}
---------------------

MRI data were collected with a 3-Tesla scanner (Siemens PRISMA) equipped with a 64-channel head coil, using T2-weighted echoplanar imaging. Each volume comprised 40 slices covering the whole brain (field of view, 210-x-203 mm; matrix size, 124-x-120 voxels; slice thickness, 3 mm; in-plane resolution, 1.69-x-1.69 mm; repetition time, 2500 ms; echo time, 25 ms; flip angle, 80°). An additional whole-brain anatomical T1-weighted MRI scan was acquired for coregistration purposes (GRAPPA; voxel size, 0.8 mm³).

fMRI preprocessing {#s4-17}
------------------

MRI data were preprocessed and analyzed using SPM12 (<http://www.fil.ion.ucl.ac.uk/spm/>). Functional images were realigned to the mean of the images, motion corrected, and coregistered to the T1-weighted image. For univariate and PPI analyses, images were normalized and then spatially smoothed with a 6 mm Gaussian kernel. Multivariate searchlight analyses were conducted in each subject's native space, and images were minimally smoothed with a 2 mm Gaussian kernel. Searchlight analyses were restricted to grey matter voxels, by generating a grey matter mask from the SPM12 tissue probability map, and then warping that mask to the subject's native space using the transformation parameters from the standard T1 template to the subject's individual T1-weighted image.

Multivoxel pattern analysis: selection of category-sensitive voxels {#s4-18}
-------------------------------------------------------------------

To identify category-sensitive voxels, a GLM was constructed for each subject from initial learning scans, where category images were modeled as five separate regressors of interest (animals, buildings, faces, tools, scrambled) in a blocked design. Nuisance regressors included the six motion parameters generated from realignment, and beta estimates were calculated for each condition. To quantify pattern discrimination of the four categories during initial learning, a whole-brain searchlight-based correlation analysis was implemented. At each search sphere (radius = 3.7 voxels), 48 beta pattern vectors were extracted (four object categories X 12 runs). In a leave-one-out approach, beta patterns from 11 'training' runs were averaged, and compared to beta patterns from the remaining 'test' run. In each iteration, the mean across conditions was first subtracted from training and test beta patterns separately. This was followed by calculation of the linear correlations between all training and test patterns, and then the resulting correlation coefficients were Fisher's *Z* transformed. This procedure was repeated a total of 12 times, so that each run could be left out in turn as a test run. The resulting values were averaged across iterations. As an index of pattern discrimination, within-category correlations (*training* patterns versus the category-congruent *test* pattern) were compared to the average of between-category correlations (training patterns versus the three category-incongruent test patterns). This procedure was repeated at each search sphere, and the resulting pattern discrimination maps were normalized and then smoothed with a 6-mm Gaussian kernel prior to group comparison. Category-sensitive voxels were designated at the group-level, from the contrast within-category correlations \> between-category correlations (p \< 0.001). Critically, the next analysis was restricted to brain regions that demonstrated category-selectivity during learning (see below), as this was a prerequisite to identifying reactivation of the same category information during sleep.

In a follow-up analysis to determine the selectivity for each object category separately, the same steps were repeated with one exception. Rather than collapsing indices of pattern discrimination across categories, within-category correlations were compared to the average of between-category correlations for each object category separately. This resulted in four group-level pattern selectivity maps, one per object category.

Multivoxel pattern analysis: re-emergence of category information during sleep {#s4-19}
------------------------------------------------------------------------------

To determine whether category information re-emerged in response to odor cues during sleep, the same GLM that was used for selection of category-specific voxels (see previous section) was used to construct templates of the four object categories. An additional sleep-based GLM was constructed for each subject, where each of the two odor cues were modeled as separate regressors of interest. Odor onset times were adjusted to align with the first point of inhalation (i.e. rising slope on the breathing trace) after odor presentation. To minimize signal contributions induced by head motion during the sleep scan, all volumes prior to the first odor presentation and following the last odor presentation were discarded (with the exception of six additional volumes on either end). Given the large number of volumes remaining (*mean* = 948.61, *range* = 401--1416), there were sufficient degrees of freedom in our GLM to incorporate extra nuisance regressors without overfitting. This allowed us to account for head motion more rigorously given the long duration of the sleep session. (In contrast, this more rigorous motion correction was not possible for the wake sessions without overfitting, due to the smaller number of fMRI volumes (58 per session), and thus fewer degrees of freedom.) Nuisance regressors included the six motion parameters generated from realignment, and their squares, derivatives, and squared derivatives (24 total). To account for within-scan motion, the signal difference between even and odd slices, the within-volume variance across slices, and derivatives of both parameters were also included as nuisance regressors. Additional nuisance regressors were included when necessary, to capture individual volumes demonstrating excessive head motion. Finally, the respiration trace was post-processed and down sampled to the scanner repetition time frequency to be included as a nuisance regressor. Beta estimates were calculated for each of the two odor conditions.

To search for pattern-based reactivation during sleep, a whole-brain searchlight-based correlation analysis was implemented (as in voxel selection). At each searchlight sphere, template images were constructed from the initial learning data for each of the four categories by averaging the extracted beta pattern vectors across runs for each condition (category) separately, and then subtracting the mean across conditions from each voxel. Next, two beta pattern vectors were extracted from the sleep period, each corresponding to one of the two odor cues (mean activity was not subtracted from each voxel here, since doing so across the two cues would have created two anticorrelated vectors, essentially reducing two data points to a single data point). Correlation coefficients were calculated between those odor-cued activity pattern vectors and each of the four category templates separately, and the resulting *r* values were converted to Fisher's *Z* scores. As an index of memory reactivation, the cued correlation (sleep activity pattern versus cued learning template) was compared to the average of non-cued correlations (sleep activity pattern versus the three non-cued learning templates) for each beta pattern vector separately, and then the resulting values were averaged across the two conditions. This procedure was repeated at each search sphere, and the resulting memory reactivation maps were normalized and then smoothed with a 6-mm Gaussian kernel prior to group comparison. A group-level correlation analysis was conducted, in which cued memory benefit was included as a covariate of interest, and category-selective voxels (identified during prior learning) were designated as an explicit mask. Cued memory benefit was defined as visuospatial memory performance at posttest (expressed as a percentage of items remembered from pretest baseline) for cued minus non-cued categories.

In a follow-up analysis, the same steps were repeated for the two reactivated categories separately (without considering the two non-reactivated categories). Memory reactivation maps were constructed, and values were extracted from clusters of interest in vmPFC and fusiform cortex (identified from the multivoxel correlation analysis, p \< 0.001), and then averaged. The resulting values were correlated with posttest recall accuracy (again, expressed as a percentage of items remembered from pretest baseline) for the two reactivated categories individually.

To reveal the time course of reactivation, a separate sleep-based finite impulse response (FIR) model was constructed. Ten regressors of interest, spaced apart at 2.5 s intervals, were included for each of the two odorants, spanning a 25 s time window. The regressors modeled responses starting three volumes prior to odor onset, a single volume aligned to odor onset, and six volumes following odor onset. The model also included the same nuisance regressors described above. For regressors corresponding to each time point, beta estimates were extracted for each of the two odors. Next, a searchlight analysis was conducted (as in the main analysis), resulting in ten separate memory reactivation maps (one per time point). Again, values were extracted from the resulting reactivation maps for both vmPFC and fusiform cortex clusters, and then correlated with cued memory benefit at each respective time point.

Contrary to prediction, searchlight analyses did not reveal a relationship between memory reactivation in the hippocampus and memory performance. To further investigate effects in this brain area, all three analyses outlined above were repeated for an ROI in bilateral hippocampus taken from the AAL Atlas (as an alternative to the whole-brain searchlight approach).

Finally, two additional analyses were conducted to elucidate the main effect of within-sleep odors on reactivation of associated object categories, without considering cued memory benefit as a covariate. The first analysis was derived from the same model that included cued memory benefit as a covariate of interest, but here the main effect was considered instead of its relationship with memory performance. Again, results were masked according to category-selective voxels identified from the initial learning phase. A second analysis was conducted to determine whether there were spatial differences in reactivation maps for the four object categories. Here, instead of considering all four object categories across all 18 subjects, four separate second-level models were constructed, and each included reactivation maps for a single object category. Because each of the 18 subjects received two odor cues during sleep, this meant that each category was only cued for nine subjects. Thus, a total of nine reactivation maps were included in each of the four second-level models. Given the limited number of subjects included in each model, the resulting category maps were not constrained by a mask.

Univariate analysis: odor-evoked activity in sleep {#s4-20}
--------------------------------------------------

In an additional analysis, we aimed to identify brain regions activated by odor cues during sleep. The GLM used to identify voxels activated by odor cues was identical to the GLM constructed from the sleep period for the multivoxel analysis described previously, except that the model was applied to images that had been normalized and smoothed with a 6 mm Gaussian kernel. Individual contrast maps for odor onset were computed at the subject level and tested at the group level using a one-sample *t* test.

PPI analysis: connectivity during odor presentation {#s4-21}
---------------------------------------------------

The gPPI toolbox ([@bib26]) was employed to measure connectivity between hippocampus and vmPFC during odor presentation. We estimated a PPI model for each subject using normalized, smoothed images. The physiological factor was defined as fMRI activity in a seed region (5-mm sphere surrounding the peak voxel in amygdala/hippocampus identified from the univariate analysis), and odor onset was the psychological factor. Voxel-wise connectivity parameters at odor onset were extracted from the same vmPFC and posterior fusiform clusters as previously and averaged across voxels for each subject individually, and then a one-sample *t* test was implemented for group-level comparison.

Statistical analysis {#s4-22}
--------------------

To test our a priori prediction that memory retention for cued information would be enhanced compared to non-cued information, as in previous cueing studies ([@bib30]; [@bib33]; [@bib37]; [@bib39]; [@bib40]; [@bib44]), we used a one-tailed Wilcoxon signed-rank test and a binomial test. To analyze RTs from the interference test, trial-by-trial RTs were log transformed, and compared for cued versus non-cued category objects across subjects using a two-tailed paired *t* test. To determine the effects of odor cues (odor-on versus odor-off) and sleep stage (stage 3 versus stage 1) on EEG power spectral density, we performed two-factor (condition-x-frequency) repeated-measures ANOVAs (two-tailed). To identify brain regions containing category information, and where reactivation of category information was correlated with cued memory benefit, we conducted one-tailed *t* tests on normalized and smoothed searchlight maps. p-Values were defined at the peak voxel, and adjusted for the family-wise error rate based on the explicit initial learning mask (i.e. voxels that contained category information at initial learning). In follow-up tests, reactivation values were extracted from searchlight maps for each subject, and one-tailed linear correlations with behavioral recall measures were computed. In the univariate analysis used to identify voxels activated during odor presentation, we again used a one-tailed paired *t* test of normalized and smoothed contrast maps, and p-values were defined at the peak voxel, corrected for the family-wise error rate based on an olfactory region of interest in left amygdala from the AAL Atlas. Finally, for the PPI analysis, one-tailed *t* tests were used to compare connectivity values extracted from a cluster of interest in vmPFC to zero.
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###### Time spent in each sleep stage.

Offline sleep scoring revealed that 99.45% of odors were presented during stages 2 and 3 of sleep, and most cues (77.56%) were presented during stage 3 of sleep.

10.7554/eLife.39681.030Table 1---source data 1.Time spent in each sleep stage by subject.

  Sleep stage                 Time (min ±SEM)   Percentage (% ±SEM)
  --------------------------- ----------------- ---------------------
  Wake                        9.92 ±2.61        13.11 ±3.48
  Stage 1                     8.69 ±1.82        11.39 ±2.34
  Stage 2                     26.50 ±3.41       34.95 ±4.26
  Stage 3                     30.17 ±4.12       40.54 ±5.56
  Total sleep time            65.36 ±2.79       86.89 ±3.48
  Total time (wake + sleep)   75.28 ±1.25       100
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In the interests of transparency, eLife includes the editorial decision letter and accompanying author responses. A lightly edited version of the letter sent to the authors after peer review is shown, indicating the most substantive concerns; minor comments are not usually included.

Thank you for submitting your article \"Odor-evoked replay in human prefrontal cortex promotes memory consolidation during sleep\" for consideration by *eLife*. Your article has been reviewed by two peer reviewers, and the evaluation has been overseen by a Reviewing Editor and Timothy Behrens as the Senior Editor. The following individual involved in review of your submission has agreed to reveal his identity: Björn Rasch (Reviewer \#1).

The reviewers have discussed the reviews with one another and the Reviewing Editor has drafted this decision to help you prepare a revised submission.

Summary:

The authors examined the effect of odors on content-specific reactivation patterns during sleep in healthy human volunteers. Participants first learned a visual object-location task involving four categories of different objects. During this training, category-specific brain activation was identified for each participant using fMRI. Participants then associated each of the four categories with four different odors and learned the object-location task to criterion. Participants were re-exposed to two of the four odors during subsequent sleep in the fMRI scanner and recall was tested afterwards. The authors show that during sleep, odor re-exposure activated category specific voxel patterns. Furthermore, the degree of category-specific reactivation during sleep in the medial frontal cortex and the fusiform gyrus predicted post-sleep memory performance. Brain activity in the hippocampus did not show signs of content-specific reactivation.

Essential revisions:

1\) The authors exclusively focus their analysis on the predictions of signs of reactivation during sleep on behavioral memory performance, which is of course interesting and relevant. However, it did not become clear to me whether they are actually able to find patterns of reactivation during sleep. The most crucial test for detecting memory reactivation in this paradigm is not reported.

The authors claim to detect reactivation in fMRI and state it allows them to characterize the process more accurately than previous work done e.g. in EEG. They claim they study reactivation as patterns observed during wakefulness reinstated by odor cueing during sleep (which has not/only recently been shown previously in humans). However, at no point in their work do the authors show actual reactivation of learning related activity. They do not report a significantly stronger reinstatement of cue-related category patterns than non-related category patterns after cue presentation during sleep, which is the crucial test in this design. The authors instead relate a non-substantiated indirect measure of memory reactivation (which is arguably an approach to take) to a behavioural measure and perform statistical tests on this second-order measure. I am not against publication of this work, but it must be made clear if the authors cannot detect significant reactivation of category content upon reactivation cues. They should report the straightforward analysis of testing within-category similarity vs. between-category similarity for learning activity and post memory cue activity during sleep and make it clear should this direct test for cue-related memory reactivation fail (showing no significant difference). I strongly believe the rest of the analysis to be worthwhile and informative in its own way, yet this issue needs to be made transparent and the very strong claims need to be toned down accordingly (relating content-specific brain activity between wake and sleep, detecting \"replay/reactivation\").

2\) The authors should report the general results of the identification of category-specific voxels during sleep in more detail, i.e. the main effect of the memory replay maps. In which area did they find the highest difference in correlation measures? Did they observe a difference in spatial distribution in the replay maps when the two odor cues were considered separately?

3\) Please report also more details on the general results of the category-specific voxels during training. What are the brain areas with the highest category specificity? Did one of the categories contribute more to this separation than other categories? Was the categorization for some categories different in specific brain areas?

4\) The methodological approach appears to suitable to use a classifier approach on the data. Could the authors train a classifier on their training data and observe above chance classification of cued categories during sleep? Otherwise, please discuss reasons why the authors did not choose to do so and explain the advantages of the approach reported in the manuscript.

5\) The authors state they study \"memory replay\". Replay is commonly used in animal literature to refer to sequential reactivation of firing patterns (as observed during learning) and many groups are currently striving to detect something similar in humans. The current work does not show sequential replay, it only shows that an indirect measure of memory reactivation is related to memory performance. They should thus refrain from using the term replay.

6\) Why was the rigorous way to ensure no artefacts by head motion applied to sleep data not similarly applied to wake data where more head movements can be expected? Please justify.

7\) Why does the sleep analysis not follow the same rationale as the wake analysis, first subtracting a mean of both \"categories\" (here cue responses), then calculating pairwise correlations?

8\) Figure 2B. The behavioural reaction time measure might be confounded by accuracy. Were there differences in number of correct trials for interference learning for cued vs. non-cued items? Do reaction time results hold if only correct trials are analysed? If that difference exists and the reaction time results do not hold when only correct trials are analysed, please report this in the paper with a note of caution.

10.7554/eLife.39681.036

Author response

> Essential revisions:
>
> 1\) The authors exclusively focus their analysis on the predictions of signs of reactivation during sleep on behavioral memory performance, which is of course interesting and relevant. However, it did not become clear to me whether they are actually able to find patterns of reactivation during sleep. The most crucial test for detecting memory reactivation in this paradigm is not reported.
>
> The authors claim to detect reactivation in fMRI and state it allows them to characterize the process more accurately than previous work done e.g. in EEG. They claim they study reactivation as patterns observed during wakefulness reinstated by odor cueing during sleep (which has not/only recently been shown previously in humans). However, at no point in their work do the authors show actual reactivation of learning related activity. They do not report a significantly stronger reinstatement of cue-related category patterns than non-related category patterns after cue presentation during sleep, which is the crucial test in this design. The authors instead relate a non-substantiated indirect measure of memory reactivation (which is arguably an approach to take) to a behavioural measure and perform statistical tests on this second-order measure. I am not against publication of this work, but it must be made clear if the authors cannot detect significant reactivation of category content upon reactivation cues. They should report the straightforward analysis of testing within-category similarity vs. between-category similarity for learning activity and post memory cue activity during sleep and make it clear should this direct test for cue-related memory reactivation fail (showing no significant difference). I strongly believe the rest of the analysis to be worthwhile and informative in its own way, yet this issue needs to be made transparent and the very strong claims need to be toned down accordingly (relating content-specific brain activity between wake and sleep, detecting \"replay/reactivation\").

We would like to thank the reviewers for their positive comment that our analysis of the relationship between signs of reactivation and behavioral memory performance is interesting and relevant. Our central analysis was indeed focused on behavioral correlates, as we reasoned that signs of neural reactivation should be strongest in those subjects whose memories were most susceptible to sensory cueing.

That said, we agree that the ability of cues to evoke pattern reinstatement per se (without considering behavior as a covariate) is also a crucial test in our design. Interestingly, this analysis revealed a main effect of cueing on pattern reactivation in the lateral occipital complex and the inferior frontal gyrus. These clusters were observed at a threshold of *p* \< 0.001, though did not survive correction for multiple comparisons across category-selective voxels identified during the initial learning phase. These new analyses and findings, along with a new Figure 5, can be found in the subsection "Main effect of odors on reactivation of associated category information during sleep" and the subsection "Multivoxel pattern analysis: re-emergence of category information during sleep". We also uploaded the brain map from this analysis to our Neurovault repository so it is publicly available. Moreover, where appropriate, we have toned down our claims regarding reactivation per se versus reactivation related to behavioral memory improvements.

> 2\) The authors should report the general results of the identification of category-specific voxels during sleep in more detail, i.e. the main effect of the memory replay maps. In which area did they find the highest difference in correlation measures? Did they observe a difference in spatial distribution in the replay maps when the two odor cues were considered separately?

This comment is highly relevant to comment \#1 above. To reiterate, we have conducted analyses to test the main effect of odor cueing on category reactivation.

The reviewers also ask an intriguing question as to whether the two odor cues lead to reactivation in different brain areas. To clarify, each subject received two odor cues (out of a total of four possible cues) during sleep to reactivate information from two of the four object categories. Cues were counterbalanced, to ensure that each object category was represented equally (nine times total) across subjects. In this manner, the first and second odor cues are arbitrary, in that they were not consistently paired with the same two object categories for every subject. Thus, directly comparing effects evoked by the two odors doesn't lend itself to a clear interpretation.

That said, it is possible to consider the reactivation maps for each of the four object categories separately, and doing so could be informative if reactivation manifests in different brain areas depending on the cued object category. To test this question, we constructed four separate group-level models, each incorporating reactivation maps for a single object category. Interestingly, odors appeared to promote pattern reactivation in a unique brain area for each of the object categories. For instance, at a threshold of *p* \< 0.001 uncorrected, animal and tool patterns were reinstated in different parts of parahippocampal cortex, building patterns were reinstated in lateral occipital complex, and face patterns reemerged in occipital cortex. We describe this new analysis in the revised manuscript (subsection "Main effect of odors on reactivation of associated category information during sleep" and "Univariate analysis: odor-evoked activity in sleep"), and summarized preliminary findings in Figure 5---figure supplement 1. We also uploaded brain maps from this analysis to our Neurovault repository.

While these new findings bring additional insights to category-specific regional contributions of pattern reactivation, it is important to note that our experiment was not designed to test individual category effects, because any given category was only cued for 50% of subjects (n = 9). As such, this analysis was underpowered, and therefore these findings should be considered as tentative.

> 3\) Please report also more details on the general results of the category-specific voxels during training. What are the brain areas with the highest category specificity? Did one of the categories contribute more to this separation than other categories? Was the categorization for some categories different in specific brain areas?

We thank the reviewers for this opportunity to elaborate on our results regarding category specificity during the initial learning phase of the experiment. To provide a more transparent understanding of which brain areas were most robustly associated with category-specific activity, we replaced the binary mask image from Figure 1C with a heat map, and have also provided a new supplementary figure (Figure 1---figure supplement 1). To disentangle the contributions of individual object categories, we conducted a voxel-wise pattern analysis where category-selective maps were computed for each of the four object categories separately (rather than averaged across categories, as in the original analysis). This approach revealed category-specific encoding across widespread brain areas for all four categories. We summarized these findings in the new Figure 1---figure supplement 1, and incorporated methods details in the revised text (subsection "Multivoxel pattern analysis: selection of category-sensitive voxels"). Individual selectivity maps for each object category are available on Neurovault.

> 4\) The methodological approach appears to suitable to use a classifier approach on the data. Could the authors train a classifier on their training data and observe above chance classification of cued categories during sleep? Otherwise, please discuss reasons why the authors did not choose to do so and explain the advantages of the approach reported in the manuscript.

The reviewers bring up a pertinent question about an alternative classifier approach. We did consider employing such an approach in our analysis, but ultimately decided that a correlation-based method would be more appropriate here. Correlation-based similarity measures fall on a continuous spectrum, whereas classifiers yield a binary output ("correct" or "incorrect"). Because we were interested in comparing a continuous behavioral metric (recall accuracy) to pattern reinstatement, we felt strongly that correlation-based pattern analysis was the more fitting tool.

However, we do acknowledge that a classifier approach could be applied here. To fully respond to this comment, we re-ran our main analysis, this time comparing recall behavior to classifier accuracy. We trained a four-way support vector machine on the four object categories from the initial learning phase, and then tested it on the sleep data. Note that because the sleep data only contained two data points for each subject (one parameter estimate per within-sleep odor cue), the classifier could effectively be tested on only two items. As such, computing an average classification accuracy across two data points could only result in one of three possible outputs (0, 0.5, or 1), providing poor resolution for comparison to the continuous behavioral variable. Nonetheless, we still observed a correlation between classifier accuracy and recall in both ventromedial prefrontal cortex (vmPFC) and posterior fusiform cortex at very similar coordinates as found in our original correlation-based analysis (vmPFC: \[-6, 50, -12\], *t*~(16)~ = 3.87, *p*~unc~ = 0.001; posterior fusiform cortex: \[-28, -74, 6\], *t*~(16)~ = 4.72, *p*~unc~ \< 0.001), though effects were weaker, possibly due to the reduced resolution of the SVM classifier.

Given our rationale for favoring a correlation-based approach, and the redundancy of SVM-derived results with those already reported, we have decided not to include these additional analyses in the revised manuscript. However, it is encouraging to see that a correlation between reactivation and recall is also observed with a different method.

> 5\) The authors state they study \"memory replay\". Replay is commonly used in animal literature to refer to sequential reactivation of firing patterns (as observed during learning) and many groups are currently striving to detect something similar in humans. The current work does not show sequential replay, it only shows that an indirect measure of memory reactivation is related to memory performance. They should thus refrain from using the term replay.

We appreciate the reviewers' point that "replay" is often used to describe sequential reactivation in animal studies. There may be some debate in the field as to how this term should be used, and we chose to implement the term to describe a non-sequential measure of reactivation in fMRI, as has been done previously (e.g., Deuker et al., 2014). We accept, however, that this is not common practice. Therefore, we replaced the term "replay" with the term "reactivation" throughout the revised manuscript (including in the title). We clearly defined our terminology in the revised Introduction (first paragraph).

> 6\) Why was the rigorous way to ensure no artefacts by head motion applied to sleep data not similarly applied to wake data where more head movements can be expected? Please justify.

We thank the reviewers for the shrewd observation that motion correction was applied more rigorously for the sleep data compared to the wake data. In our experiment, the sleep session consisted of one long (\~75 min) fMRI run. Although we discarded volumes acquired prior to the first odor presentation and after the last odor presentation, the odor delivery period spanned much of the run, and on average, the sleep data consisted of \~950 volumes (range = 401-1416). Because we collected such a large number of fMRI volumes for the sleep session, there were sufficient degrees of freedom in our general linear model to incorporate 28 movement parameters (in addition to the other condition-specific parameters) without overfitting or otherwise compromising parameter estimates. In contrast, the wake data included a set of short 2.25 min runs, each including only 58 volumes. If we had included the full 28 movement parameters, our ability to reliably estimate parameters of interest would have been substantially reduced. This was the reason why we opted for a less rigorous motion correction algorithm for the wake data.

It is also worth noting that during the long, continuous sleep scan (\> 1 hour), there were inevitable shifts in head position, so we felt it was prudent to apply more rigorous motion correction to the sleep data. The wake fMRI sessions, by comparison, were considerably shorter, and excessive head motion was highly unusual, so we felt that it was less important to apply rigorous motion correction to the wake data. We have added a short justification regarding these points in the Materials and methods section in the revised text (subsection "Multivoxel pattern analysis: re-emergence of category information during sleep").

> 7\) Why does the sleep analysis not follow the same rationale as the wake analysis, first subtracting a mean of both \"categories\" (here cue responses), then calculating pairwise correlations?

We regret not having explained this inconsistency in the original manuscript. While the wake data were effectively decorrelated (such that mean activity across the four categories was subtracted from each voxel prior to computing pairwise correlations), this same approach could not be applied to the sleep data. Because the sleep model only included two odor cues, if we had subtracted mean activity across the two cues, we would have created two anticorrelated vectors, essentially reducing our two data points to a single data point. We have amended the Materials and methods section to explain this inconsistency (subsection "Multivoxel pattern analysis: re-emergence of category information during sleep").

Moreover, to mitigate any concerns that our findings were reliant on this discrepancy, we re-ran the main analysis without implementing the decorrelation step for the wake data. The outcome was effectively identical to our original findings.

> 8\) Figure 2B. The behavioural reaction time measure might be confounded by accuracy. Were there differences in number of correct trials for interference learning for cued vs. non-cued items? Do reaction time results hold if only correct trials are analysed? If that difference exists and the reaction time results do not hold when only correct trials are analysed, please report this in the paper with a note of caution.

We thank the reviewers for this comment. Indeed, if recall accuracy differed across conditions, this could confound reaction time measurements. To ensure that this was not the case, we compared recall accuracy across cued and non-cued items. We found that there was no difference in recall accuracy across conditions (t~(17)~ = 0.04, *p* = 0.97). As such, recall accuracy cannot explain the difference in reaction times for cued versus non-cued objects, obviating the need to analyze correct trials in isolation. To make this transparent, we have included this result in the revised manuscript (subsection "Odor cues bias memory consolidation toward their associated object categories", third paragraph).
